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Abstract
The rise of audio deepfakes presents significant challenges, ne-
cessitating effective detection and attribution mechanisms for
fabricated speech. This paper addresses the need to identify
not only fake speech but also its origins. We develop the audio
deepfake source tracing method as follows: First, we establish
a protocol using the MLAAD v5 dataset to analyze the acous-
tic and vocoder processing involved in generating fake speech.
Second, we introduce a novel real pre-emphasis method based
on the VIB architecture for audio deepfake source tracing. Our
evaluation demonstrates that our model outperforms baseline
systems, achieving enhancements of 10%. Our approach signif-
icantly improves model generalization and reduces complexity
while preserving the real pre-emphasis effect established by the
baseline.
Index Terms: Audio Deepfake Source Tracing, Supervised
Contrastive Learning, Training Strategy

1. Introduction
In recent years, the rapid advancement of deep learning tech-
nologies has led to the proliferation of audio deepfakes, which
pose significant challenges to security and authenticity in dig-
ital communications. Audio deepfake attribution tracing, the
process of identifying the specific synthesizer responsible for
generating a given deepfake audio clip, has emerged as a crucial
area of research[1]. This task not only aids in detecting deep-
fake speech but also provides insights into the methodologies
employed by attackers, thereby facilitating the development of
more robust countermeasures[2].

The ability to distinguish between different deepfake syn-
thesizers is essential for several reasons. First, understanding
the techniques and tools employed by attackers facilitates a
more comprehensive assessment of potential threats. Second, it
enables the development of targeted defenses tailored to counter
specific synthesis methods. Furthermore, attribution tracing can
assist in forensic investigations and contribute to the broader ef-
fort of maintaining the integrity of digital audio content.

However, the task of audio deepfake attribution tracing is
fraught with challenges. Deep neural network-based synthe-
sizers are designed to mimic genuine speech distributions, of-
ten resulting in highly similar outputs. The baseline system [2]
proposed using a two-stage strategy with two models: one for
audio deepfake detection (ADD) and the other for fake attri-
bution classification. Klein et al. [3] proposed a less complex
method by using the embedding from the first stage (i.e. ADD)
for the second stage (i.e. source tracing, which could detect the
origin of fake speech and recognize the real ones). However,
the embeddings from the first stage have been compressed and
contain less information for distinguishing among different fake

attributions [3]. The end-to-end (E2E) strategy has been proven
to have higher performance but raises complexity, as each E2E
system can only work with its specific type of attribution.

We aim to achieve an ADD source tracing system that has
less complexity while effectively detecting fake speech with
fewer false alarms. To do so, we propose a VIB-based real
pre-emphasis system, built on top of the Variational Informa-
tion Bottleneck (VIB) architecture [4] and the proactive batch
sampling method [5]. The VIB extracts more informative latent
variables, which helps preserve the information necessary for
fake attribution tracing when utilizing a two-stage strategy. For
the E2E system, VIB enhances model generalization due to its
regularization capability.

In short, the contribution of this work is as follows:

• We publish an extended version of the MLAAD v5 dataset
for the audio deepfake source tracing task, which includes
two types: vocoder and acoustic processing.

• In order to better benchmark the source tracing task, we pro-
posed a Genuine-Prioritized Macro F1-Score, which places
more weight on the real class while sharing the same weight
for all fake attribution classes.

• We propose a VIB-based audio deepfake source tracing sys-
tem to enhance the generalization of both end-to-end and
two-stage approaches.
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Figure 1: VIB based network for audio deepfake source trac-
ing. The two-stage approach and End-to-end approach share
same architecture. However, in End-to-end approach, only left
branch is trained with the multi-class objective.
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Table 1: Acoustic protocol

Set Mars5 Meta-
voice

bark fast-
pitch

speedy-
speech

taco-
tron2

vits xtts1 xtts2 Real Unseen

Train 297 296 300 300 300 1198 2394 1800 2400 10300 -
Dev 0 0 2400 300 300 599 3597 300 1799 10200 -
Eval 297 297 7800 0 0 2395 9582 3900 3900 30896 3879

Table 2: Vocoder protocol, Metavoice-1B and Mar5 were
excluded because of unclear vocoding processing.

Set bark full-
melgan

hifi-
gan

melgan multi-
melgan

univ-
net

Real Unseen

Train 300 299 5548 300 299 1946 10300 -
Dev 2400 299 6296 300 0 300 10200 -
Eval 7800 597 15430 0 899 4644 30896 2086

2. Methodology
2.1. Training Strategy

The pre-emphasis method is helpful [2], but it doubles the
model complexity since it utilizes two Wav2Vec + AASIST
networks. In this work, inspired by Proactive Batch Sampling
(PBS) method [5], we emphasize the real class by setting the
number of real samples always equal to the number of fake sam-
ples in every training batch. In this way, a single model (i.e. less
complexity) can be optimized to pre-emphasize the real class,
which has similar optimizing effect to Real Emphasis and Fake
Dispersion (REFD) strategy [2]. Indeed, ADD source tracing
system should maintain the low false alarm while distinguish-
ing real and fake speech.

2.2. Model Architecture

We utilize the wav2vec 2.0 [6] front-end to extract speech fea-
tures, which has been proven to perform better in audio deep-
fake detection tasks [7, 8]. Fine-tuning is necessary because
pre-trained wav2vec 2.0 was trained only with real utterances
[9]. For the downstream task, we use a Variational Information
Bottleneck based network for the following reasons:
• VIB acts as a regularization method, with its reconstruction

loss enhancing the generalization of the model.
• In the two-stage approach, without VIB, the remaining fea-

tures only support distinguishing real from fake speech [3].
Consequently, few features remain for classifying fake at-
tributes. Therefore, VIB may help preserve additional fea-
tures for source tracing.

After the VIB network, a simple non-linear dense layer with
three linear projections and a GeLU [10] activation function is
used to calculate the detection score. In the second stage of
the two-stage system, the back-end will be updated while the
Wav2Vec2 + VIB components remain frozen. For the end-to-
end approach, all parameters are updated during training. The
overview of our model architecture is shown in Figure 1.

The training loss of E2E and two-stage strategies are differ-
ent. For two-stage systems, audio deepfake detection (binary)
task is trained with Supervised Contrastive Learning (SCL)
loss[11] combining with Cross Entropy (CE) loss, where LSCL

is the SCL loss calculated on the last hidden state (embedding)
of the model. We put dominant weight to LSCL and Lrecon

in order to emphasize the representation learning objective at

the first stage with ten times bigger to Lbinary
CE as shown in

Formular 1, instead of pushing the real-fake classification. In
this way, the latent space z reserves more room for later multi-
class classification tasks. In the second stage, the multi-class
ADD source tracing tasks are optimized by only CE loss. For
E2E systems, LSCL, Lrecon combines with Lmulti

CE with equal
weight to solve the multi-class ADD source tracing problem.

Lstage 1 = λ ∗ LSCL + 0.1λ ∗ Lbinary
CE + Lrecon (1)

3. Genuine-prioritized F1-Score
In the realm of audio source tracing, accurately distinguishing
genuine speech samples from fake ones is of paramount impor-
tance. Misclassifying a real sample as fake, or vice versa, can
lead to significant consequences in applications such as security
and authentication. This prioritization means that the cost asso-
ciated with such misclassifications is considerably higher than
the cost of incorrectly attributing among various fake classes.
As a result, traditional metrics like accuracy or macro F1 score
[3, 12, 13, 14] fall short in effectively evaluating the ADD
source tracing task due to inadequately capturing the impor-
tance of correctly identifying genuine speech.

To overcome this limitation, we propose using the
Genuine-prioritized F1 Score (G-F1). G-F1 is a special case
of the Weighted F1 score, described in Formula (5) of [15].
This approach ensures that the evaluation metric aligns more
closely with the real-world importance of correctly classifying
genuine speech, thereby providing a more accurate assessment
of the system’s effectiveness. Moreover, all fake attributions are
treated equally, regardless of their prior in the dataset. Suppose
that we have N seen fake attributions, then the G-F1 is defined
as Formula 2.

G-F1 = 0.5 ∗ F1-scorereal + 0.5 ∗ 1

N

N∑
i=1

(F1-scorei) (2)

where:

F1-score = 2× Precision × Recall
Precision + Recall

(3)

Recall =
TP

TP + FN
, Precision =

TP
TP + FP

(4)

While micro F1 provides a single F1 score that reflects
overall performance, particularly useful in imbalanced datasets,
macro-average F1 computes the F1 score for each class inde-
pendently and then averages these scores. G-F1 combines the
F1 score of real class with the average F1 scores of fake classes
makes G-F1 particularly valuable for ADD source tracing.
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4. Dataset
We use MLAAD v51, which includes multiple new audio deep-
fake synthesizers. However, the authors provide only the model
names without details on the acoustic and vocoder components.
These modules are the two main parts of a speech synthesis
system. The acoustic module predicts the acoustic features of
speech from linguistic input, such as phonemes or text. The
vocoder takes the acoustic features generated by the acoustic
processing module and converts them into a waveform. Al-
though different synthesizers in MLAAD v5 originate from
different Text-to-speech (TTS) systems, they share acoustic or
vocoder architectures. Therefore, instead of building a source
tracing solution to predict the synthesizer (model name) of a
sample, we focus on detecting its acoustic and vocoder compo-
nents.

We then searched for acoustic and vocoder information
based on the model name and updated metadata. Instead of
simply naming the vocoder of the end-to-end (E2E) synthesizer
(e.g., xtts-2) as done in [3], we investigated the vocoding mod-
ule more deeply. We introduced a vocoding architecture label
to denote the architecture upon which the vocoder component
of the end-to-end system is built, with the exception of bark,
for which we could not find exact information. We retained the
original design of the subsets (e.g., train, dev, eval). For real
speech, we utilized samples from the Common Voice dataset
[16], which includes speakers of multiple languages. We ran-
domly selected 100 samples per speaker from nine languages
and filtered out samples shorter than one second. The number
of real samples was chosen to be approximately equal to the to-
tal number in MLAAD v5. The protocols for the acoustic and
vocoder datasets are shown in Table 1 and Table 2, respectively.

Besides, we investigate the generalization of the system by
testing it on the DSD-corpus [5], which contains vocoder and
acoustic information. However, DSD-corpus v1 has a limited
number of synthesizers, making it unsuitable for training an ef-
fective ADD source tracing application.

5. Evaluations
5.1. Experiment Settings

Max and min learning rates are set to 1e-4 and 1e-6, respec-
tively, when SCL loss is used. In the second stage, they are set
to 1e-2 and 1e-4. The learning rate for all training processes
is scheduled by CyclicLR[17] with default settings2 and opti-
mized by the AdamW[18] algorithm. The VIB architecture, and
Kullback–Leibler divergence term, and Lrecon settings remain
the same as described in [5]. We trained four systems: E2E and
two two-stage strategies for both acoustic and vocoder training.
We use the same Wav2vec 2.0 base version for our system and
the baseline for a fair comparison. During training, only archi-
tectures with data from the training set were used. All systems
were trained for 30 epochs. The development set, containing
samples from the same categories used in training, was used
to calculate validation accuracy for hyperparameter tuning. The
best development checkpoints were used to benchmark the eval-
uation set.

5.2. MLAAD result

The evaluation results presented in Table 3 indicate that our end-
to-end (E2E) system outperforms the baseline in both micro F1

1https://deepfake-total.com/sourcetracing
2gamma=0.85, exp range mode
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Figure 2: Confusion matrix of Ours approach in seen ADD
source tracing task, tested on MLAAD v5 dataset.

Table 3: ADD source tracing result, reported in micro F1 and
G-F1 score (%).

Attribution Acoustic Vocoder
Types F1 G-F1 F1 G-F1

two-stage SSL2 67.09 52.92 75.58 56.19
Our 67.79 53.17 63.67 53.77

E2E REFD1 66.85 61.45 75.84 67.99
Ours 86.46 85.56 85.69 76.42

1: the REFD[2] unofficial code provided by[19]
2: SSL-AASIST two-stage system, re-implemented following [3]

and G-F1 (Section 3) scores. This demonstrates that the VIB-
based approach is more generalized, as the MLAAD v5 dataset
avoids duplication in the training, development, and evaluation
sets concerning the speaker and language of speech samples.
However, the improvement from using the VIB-based approach
with SCL loss, as described in Section 2.2, is minimal and is
even inferior to the performance of the SSL two-stage vocoder
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Table 4: Vocoder attribution tracing performance matrix of our E2E model, trained on MLAAD v5, tested on DSD-corpus. Only seen
classes are reported. The result is shown in detection rate.

System Ours REFD baseline
Predicted−→
True↓ Real univnet hifigan bark Real univnet hifigan bark

Real 0.69 0.11 0.05 0.15 0.42 0.24 0.15 0.18
univnet 0.04 0.80 0.07 0.10 0.05 0.58 0.07 0.29
hifigan 0.09 0.12 0.69 0.11 0.06 0.14 0.74 0.06

tracing system.
Acoustic tracing systems exhibit a smaller gap between mi-

cro F1 and G-F1 scores compared to vocoder systems. This
finding suggests that acoustic patterns are more consistent with
their architecture, whereas the vocoding process may depend
on other factors, such as the training dataset. In other words,
acoustic patterns can be extracted regardless of the data size.
The low detection rate for end-to-end synthesizers (Figure 2.a),
such as vits [20], supports this conclusion, as different pre-
trained models from diverse datasets produce varying patterns
in synthetic speech. This diversity complicates the classifica-
tion of different vits versions as belonging to the same class.
Indeed, E2E synthesizers optimize both acoustic and vocoder
components jointly.
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Figure 3: Unseen classes detection Precision-Recall curves of
Baseline and Ours system, tested on MLAAD dataset.

We analyze the detection behavior of our vocoder sys-
tems by visualizing the confusion matrix in Figure 2.b.
Both the baseline and our systems failed to classify cer-
tain vocoders. In the multiband-melgan (m-melgan) case,
even though the evaluation set contains the same samples
from ljspeech/tacotron2-DCA, most of them are mis-
classified. In the fullband-melgan (f-melgan) case, since
the thorsten/tacotron2-DCA is unseen during training,
only samples from seen models are detected. The same phe-
nomenon occurs in the bark case: less than half of the unseen
multi-dataset/bark3 can be detected, since the training
samples are all from suno-ai4. These findings could be ex-
plained in two ways. First, the speaker style may have a sig-
nificant effect, indicating that the training data should cover di-
verse speaker styles. Second, end-to-end TTS systems trained
on different datasets (e.g., bark attacks trained by suno-ai and

3https://github.com/coqui-ai/TTS
4https://github.com/suno-ai/bark

coqui-tts) could generate slightly different patterns, as 2728 out
of 7200 coqui-tts bark samples are classified correctly.

We further evaluate the unseen attribution detection abil-
ity for both acoustic and vocoder tracing by using the base-
line prediction softmax probability as the outlier detection score
[21]. The Precision-Recall curves are presented in Figure 3.
Generally, our approach demonstrates a better Area Under the
Precision-Recall curve (AUPR) [22], achieving 98.97% com-
pared to 98.40% for acoustic tracing, and 99.05% compared to
99.00% for vocoder tracing. Although the prediction softmax
probability does not directly correspond to confidence, the re-
sults suggest the applicability of the current outlier detection
capabilities of source tracing systems.

5.3. The ability of detecting out-of-distribution samples

We tested vocoder tracing on the DSD-corpus, where univnet
and hifigan are considered seen classes. Table 4 demon-
strates higher generalization of our approach with 69.6% av-
erage detection rate on seen classes compared to 54.9% of
the REFD baseline. Indeed, the DSD-corpus and MLAAD v5
datasets were collected under different conditions, such as the
source speech used to generate fake samples. Additionally, the
higher detection rate for real classes, at 69%, further demon-
strates that our real pre-emphasis technique based on PBS is
superior to the baseline - REFD strategy[2].

6. Conclusions and Discussions
We propose a more generalized source tracing system with re-
duced complexity through two modifications. First, we ap-
ply the Variational Information Bottleneck as a regularization
technique to enhance the generalization of the audio deepfake
source tracing system in the end-to-end (E2E) approach, while
retaining more features for the auxiliary classifier in the two-
stage approach. Second, we maintain the real pre-emphasis
effect from previous work in a less complex model design by
proactively selecting real samples equal to fake samples in every
training batch. The evaluation results demonstrate that our tech-
niques can achieve at least a 10% improvement. Additionally,
we recommend using the Genuine-Prioritized F1-score, specifi-
cally designed for audio deepfake source tracing, where the real
class is treated equally to the fake classes, thereby mitigating
class imbalance.

The unsatisfactory performance highlights a limitation of
this work, as the G-F1 score remains below 90% for all sys-
tems. The feature extraction component requires enhancement,
as wav2vec 2.0 may not be suitable for the fake attribution trac-
ing task, despite its exceptional performance in spoofing detec-
tion. Furthermore, a larger and more diverse audio deepfake
dataset is essential due to the existing imbalance in the current
dataset.
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